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Hepatic circadian clock oscillators 
and nuclear receptors integrate 
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The liver is a key organ of metabolic homeostasis with functions that oscillate in response to food 
intake. Although liver and gut microbiome crosstalk has been reported, microbiome-mediated effects 
on peripheral circadian clocks and their output genes are less well known. Here, we report that germ-
free (GF) mice display altered daily oscillation of clock gene expression with a concomitant change in 
the expression of clock output regulators. Mice exposed to microbes typically exhibit characterized 
activities of nuclear receptors, some of which (PPARα, LXRβ) regulate specific liver gene expression 
networks, but these activities are profoundly changed in GF mice. These alterations in microbiome-
sensitive gene expression patterns are associated with daily alterations in lipid, glucose, and xenobiotic 
metabolism, protein turnover, and redox balance, as revealed by hepatic metabolome analyses. 
Moreover, at the systemic level, daily changes in the abundance of biomarkers such as HDL cholesterol, 
free fatty acids, FGF21, bilirubin, and lactate depend on the microbiome. Altogether, our results 
indicate that the microbiome is required for integration of liver clock oscillations that tune output 
activators and their effectors, thereby regulating metabolic gene expression for optimal liver function.
The mammalian body is a complex ecosystem that consists of a eukaryotic core and a myriad of microorganisms, 
including the gut microbiome (microbial communities and their metabolites). Together, they form a holobiont, 
whose parts live in symbiosis with a high capacity to adapt to changing environmental conditions1,2.
Indigenous microbe populations have co-evolved with their hosts to meet mutually beneficial biological 
needs. In particular, they support the host by promoting digestion and absorption of food ingredients, such as 
complex dietary carbohydrates and lipids, thus maximizing the energy harvest from ingested food3.
Intestine and liver are derived from the primitive gut, which develops into these two complex metabolically 
mature organs4. Once differentiated, these organs maintain a direct communication via the portal vein and the 
bile duct. The venous blood from the intestine is the main supplier of absorbed gut products, including nutrients 
and microbial metabolites. The hepatic output, in response to incoming metabolites and nutrients, comprises 
the production of bile acid. Bile acid is discharged via the bile duct into the intestine to tune intestinal host 
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metabolism and modulate the abundance and distribution of various microbiome components5. Such interac-
tions may suggest a possible link between certain metabolic liver diseases and the composition and roles of the 
gut microbiome. In fact, perturbations of the gut microbiome have been associated with common liver disor-
ders, such as non-alcoholic fatty liver disease, non-alcoholic steatohepatitis, alcoholic liver disease, and liver 
cirrhosis5,6.
Almost all living organisms are exposed to the light–dark cycle, and their activity–rest cycles and feeding 
behaviours have been adapted to this oscillation. This 24-hour rhythm is driven by a biological circadian clock 
whose functions are well documented not only in the suprachiasmatic nucleus of the brain but also in liver, mus-
cle, and intestine, key organs for energy homeostasis7. Repeated and lasting misalignment between internal clocks 
and activity, including shift work, and frequent cross-time zone travel, contributes to the development of meta-
bolic diseases. Consistently, disruption of clock circuitry genes has been associated with metabolic disturbances8, 
alteration of xenobiotic detoxification9, bone homeostasis10, and epileptic seizures11.
Recently, a new link between the intestinal peripheral clock, the microbiome, and systemic metabolism has 
been unveiled12. Antibiotic-induced depletion of the gut microbiome results in alteration of circadian gene 
expression in enterocytes and of rhythmic corticosterone production in the gut, with an ensuing hypercorticos-
terolism that causes hyperglycaemia, insulin resistance, and increased triglycerides and free fatty acids in plasma. 
Taken together, these data suggest that the gut microbiome is an integral component of mechanisms that syn-
chronize the intestinal epithelial clock. The intestinal microbiome undergoes diurnal oscillation in composition 
and function, as well13,14.
Despite the newly acquired information about microbiome–host bidirectional interactions, little is known 
about the microbiome–liver axis. Although the gut microbiome has been implicated in regulation of liver metab-
olism, including the hepatic molecular clock14, much remains to be explored on its effects on the daily rhythms 
of hepatic physiological patterns. It is well established that feeding rhythm drives circadian transcriptional reg-
ulation by the liver clock15; however, how the microbiome is involved in this process remains elusive. The data 
herein demonstrate an altered clock expression pattern in mice lacking a microbiome, which results in shifts 
in clock-controlled gene expression. In particular, the activity of nuclear receptors activated by fatty acids and 
cholesterol is profoundly affected. Altogether, these data indicate that the microbiome contributes not only to 
harvesting energy from nutrients but also to collecting or producing signals that are essential to controlling the 
hepatic clock genes and their effectors such as nuclear receptors.
Results
Gut microbiome is required for both liver core clock tuning and clock-controlled func-
tions. Based on the recently established link between the peripheral clock in intestinal epithelial cells and the 
microbiome12, we hypothesized that the microbiome also impacts liver physiology possibly via the liver clock 
core, which consists of two interlocked feedback loops that comprise several clock genes7. Liver and blood sam-
ples from C57Bl/6 male mice maintained in germ-free (GF) or specific pathogen–free (SPF) conditions were 
collected around the clock to address the question. Analysis of gene expression from liver samples showed that 
Bmal1, Rev-erbα, Rev-erbβ, Per1, Per2, and Cry1 displayed significantly different mRNA expression patterns 
in GF mice compared to SPF mice as demonstrated by analysis with the JTK_Cycle algorithm16 (Fig. 1a,b; see 
Supplementary Tables S1 and S2 online). Cry1 gene expression was shifted toward the dark period whereas Rev-
erbβ, Per1 and Per2 expression was shifted toward the light period (Fig. 1b). Moreover, Bmal1, Rev-erbα , Per1, 
Cry1 mRNA levels were higher at some specific time points in GF mice compared to SPF mice. Therefore, we 
next assessed whether the altered expression pattern of the hepatic clock core components also affected genes 
encoding the output transcription factors, namely the PAR bZip factors Dbp and Tef, and the basic helix–loop–
helix factor Dec2 (Bhlhb42) (Fig. 1a and see Supplementary Tables S1 and S2 online). The expression pattern 
of these liver clock output effectors was disturbed in GF mice as their rhythmic period of gene expression was 
modified in GF compared to SPF mice. Interestingly, analysis of gene expression correlation between the hepatic 
core clock genes and their effectors showed that their gene expression pattern was globally conserved in liver 
of GF compared to SPF mice, suggesting that the hepatic clock in GF mice is functional but with a perturbed 
expression pattern. (see Supplementary Fig. S1 online). Monitoring of GF and SPF mice in an open field for 24 
hours showed no major difference in their light/dark phase locomotor activity patterns suggesting that differences 
observed in hepatic clock gene expression were not due to a switch in light/dark activity (see Supplementary Fig. 
S2 online). Collectively, these observations implied a microbiome-mediated regulation of the expression patterns 
of clock-connected genes and output regulators they control.
By performing microarray gene expression analysis on liver samples, we identified more than 4000 transcripts 
as significantly differentially expressed (FDR < 1%) between GF and SPF. Strikingly, the hierarchical clustering 
of the individual gene expression values on these significantly regulated transcripts provided evidence of distinct 
transcriptomic trajectories of GF and SPF livers (Fig. 2a). All 40 GF and SPF animals included in the experiments 
exhibited a remarkable consistency in regard to both their expression pattern (GF versus SPF) and the four ZT 
time points of sample collection. Based on the clustering results illustrated on the heatmap, it is obvious that GF 
and SPF mice showed marked differences in their gene expression oscillation profile over 24 hours.
Analysis of the transcripts with altered daily - we use the term “daily” rather than “circadian” because the study 
was performed using standard light/dark conditions - regulation in the absence of a microbiome revealed nine 
major gene clusters for which a gene ontology (GO) enrichment analysis was performed, which define hepatic 
GO biological processes that are dependent on gut microbiome and/or daily rhythm (see Supplementary Table 
S3 online). For each gene cluster, the median gene expression profile was drawn along ZT time points in SPF and 
GF mice, defining 9 specific gene expression patterns (Fig. 2b). A rhythmicity analysis (JTK_Cycle) was per-
formed on all transcripts and the results were summarized as pie charts for each 9 gene clusters (Fig. 2c and see 
Supplementary Excel File S1 online). The results revealed that in all clusters, genes with a significant (FDR < 5%) 
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Figure 1. Gut microbiome influences hepatic core clock and clock-controlled gene expression. (a) Hepatic mRNA 
levels were measured at ZT0, ZT6, ZT12, and ZT18 by real-time quantitative PCR. Data presented are the mean ± 
SEM of relative expression values measured in germ-free (GF; black line) and specific pathogen–free (SPF; black 
dotted line) mice (n = 5 animals/group/ZT time point). Statistical analyses were performed with Student’s t-test at 
each time point between SPF and GF mice. In case of unequal variances between the two group samples, the Wehch’s 
two sample t-test was used. P values were corrected for multiple testing using BH procedure and FDR < 5% threshold 
is considered for significant difference. ***FDR < 0.005, **FDR < 0.01, *FDR < 0.05. (b) Graphical representation of 
acrophase (mode of expression) of hepatic core clock genes estimated by JTK_Cycle analysis for SPF (red cross) and 
GF (green cross) mice. The arrow indicates the shift for each gene expression tested between SPF and GF condition.
www.nature.com/scientificreports/
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Figure 2. Gut microbiome affects the hepatic transcriptome and the daily hepatic gene expression. (a) Hepatic 
transcriptome was analysed at ZT0, ZT6, ZT12, and ZT18 in GF and SPF mice using Affymetrix Mouse Gene 
2.0 ST arrays. Each group comprised 5 mice (a total of 40 animals). A model was fitted using the limma lmFit 
function. Probes with FDR < 1% (BH procedure) were considered significantly regulated. A hierarchical clustering 
was obtained from individual’s expression values of 4429 significantly regulated ProbeSets overall comparisons 
using 1-Pearson correlation coefficient as distance and the Ward’s criterion for agglomeration. Red and green 
colors presented in the heatmap indicate values above and below the mean centred and scaled expression values, 
respectively. Black indicates values close to the mean. The ProbeSets clustering and individuals clustering are 
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daily rhythmic expression in the SPF liver samples were affected by microbiome depletion (referred to as classes 
2, 3, 4 and 5) (Fig. 2c). Especially, the majority of genes in clusters 1, 2, 4, 5, 8 and 9 saw their rhythmic expression 
strongly affected by the absence of microbiome, whereas genes in clusters 3, 6 and 7 mainly displayed a very large 
difference in their mRNA expression levels between GF and SPF. Moreover, gene expression in clusters 3, 4, 6, 
and 7 was increased (clusters 3 and 4) or decreased (clusters 6 and 7) in GF mice compared to SPF mice (Fig. 2b). 
In the two latter showing a particularly low expression in GF compared to SPF mice independently of the ZT, the 
GO enriched terms are related to oxidative stress, lipid metabolic processes, long-chain fatty acid transport, and 
organic acid metabolic processes (clusters 6 and 7). Those that showed an overall higher expression in GF versus 
SPF mice showed enriched biological processes in activation of the immune response, protein catabolism, carbox-
ylic acid catabolic processes, and blood coagulation (clusters 3 and 4). In clusters 1, 2, 5, 8, and 9, the microbiome 
modified the rhythmic gene expression pattern and the related GO functions at specific time points. Interestingly, 
GO terms enriched in GF mice at ZT6 comprise cellular response to starvation, autophagic vacuole assembly, and 
negative regulation of intestinal cholesterol absorption (cluster 1). The absence of a microbiome affected most of 
the hepatic functions including diverse metabolic processes, inflammation, and haemostasis. Altogether, these 
results underscore the profound impact that the microbiome has on global hepatic gene expression.
To further our understanding of the liver gene expression profiling observed in the absence of a microbiome, 
we established expression correlation networks of liver clock genes. Because the liver clock genes affected in the 
GF mice are known transcription factors, we assumed that many of their downstream target genes also would be 
affected. To address this point, we selected the top 50 most correlated genes in the SPF condition among them 
those with an expression significantly correlated (adjusted P value < 0.05) either positively or negatively with each 
of these transcription factors (see Supplementary Fig. S3 online). The interactions among the 50 genes themselves 
are also depicted in the figure. We observed that under the GF condition, the correlation networks of Cry1, 
Rev-erbα , Rorγ , and Per2 were highly affected because out of the expression of 50 genes significantly correlated 
(P < 0.05) in SPF (indicated in magenta), the expression of only 8–15 (also in magenta in GF) remained signif-
icantly correlated under this condition. In addition, the density of these four networks was highly influenced in 
the absence of a microbiome, implying that the correlation between the expression levels of the genes belonging 
to these networks was significantly altered. The correlation network for the six other liver clock members (Clock, 
Bmal1, Rev-erbβ , Per1, Cry2, Rorα ) was less affected (see Supplementary Fig. S4 online). Altogether, these results 
underscore the profound impact that the microbiome has on global hepatic gene expression with significant mod-
ulations of the liver core clock genes and their downstream targets.
The microbiome regulates the activity of key hepatic transcription factors involved in metabo-
lism and detoxification. Because the microarray data implied an insufficiency in network connectivity in 
xenobiotic, lipid, and glucose metabolism in GF mice not exposed to the microbiome, we next assessed whether 
key hepatic regulatory mediators also were affected. Among these, nuclear receptors are transcription factors 
whose activity is controlled by ligands. They are crucial for the regulation of many metabolic and detoxification 
genes in the liver, where several of them present a daily expression pattern17. If microbiome depletion had no or 
little effect on expression levels of PXR and CAR (detoxification) or LXRα and PPARα (lipid metabolism), the 
expression of their target genes was deeply influenced (Fig. 3a–d). Indeed, Cyp3a11 and Cyp2b10, target genes 
of PXR and CAR, respectively, encode a xenobiotic and a drug/steroid-metabolizing enzyme. These two genes, 
as well as Fasn (Fatty acid synthesis) and Cyp4a14 (Fatty acid hydroxylation), which are target genes of LXRα 
and PPARα , respectively, showed a very low expression in the liver of GF mice, with no or very dampened daily 
oscillations (Fig. 3a–d). This result also applies to FGF21, another target gene of PPARα , one that encodes a cir-
culating FGF belonging to a group of proteins believed to function as classic peptide hormones18 (Fig. 3d). FGF21 
is a nutritionally regulated hormone that induces a broad range of beneficial metabolic effects and emerges as a 
key player in a mechanism coordinating behaviour, growth, and metabolism during periods of reduced dietary 
protein intake19. These findings suggest a possible shortage of endogenous ligands or of other factor/s required to 
activate the nuclear receptors and that the gut microbiome and its metabolites are essential components in acti-
vating these receptors. Analysis of the gene expression correlation networks for PPARs, PXR, CAR, and LXRs, as 
was done for the clock genes, revealed alterations in these networks in the absence of the microbiome, which were 
particularly severe for LXRβ and PPARα (Fig. 4 and see Supplementary Figs S5 and S6 online).
Carbohydrate metabolism counts among the major functions of the liver, and the Carbohydrate-responsive 
element-binding proteins α and β (ChREBPα and β ) are activated in response to high glucose concentrations in 
this organ20,21. ChREBPα and β were first identified by their ability to bind the carbohydrate response element 
illustrated on left panel dendrogram and top panel dendrogram, respectively. (b) Gene expression profiles of the 9 
ProbeSets clusters. Mean expression values centred and scaled (average Z-score) are plotted for each sanitary status 
along the Zeitgeber time (ZT) (GF, black line and SPF, black dotted line). Data are scaled so that values for SPF 
mice at ZT0 equal zero (reference group). Error bars represent the 95% confidence interval (n = 5 animals/group/
ZT time point). (c) Rhythmicity analysis (JTK_Cycle) on ProbeSets. For each ProbeSets cluster, the rhythmicity 
classes distribution is illustrated as pie charts. ProbeSets are categorized into 6 classes according to rhythmicity 
significance and parameters (period and phase lag) results regarding SPF and GF mice. Class 1 (dark grey): 
significant rhythmic ProbeSets with identical rhythmicity parameters for both SPF and GF mice; Class 2 (dark 
blue): significant ProbeSets in both SPF and GF mice but with a phase lag for GF mice; Class 3 (blue): significant 
rhythmic ProbeSets in both SPF and GF mice but with a different period for GF mice; Class 4 (light blue): 
significant rhythmic ProbeSets in SPF but not in GF mice; Class 5 (beige): significant rhythmic ProbeSets in GF but 
not in SPF mice; Class 6 (light grey): no significant rhythmic ProbeSets neither in SPF nor in GF mice.
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(ChRE) of the liver pyruvate kinase (LPK) gene. Our analysis showed that they are affected differently in GF 
compared to SPF mice (Fig. 3e). Although the expression of ChREBPα was not significantly affected, ChREBPβ 
expression was strongly reduced. The expression of Lpk was also modified in the GF mice, particularly during 
the dark phase, when it was much lower than in SPF mice (Fig. 3e). The gene expression correlation network of 
ChREBP, similar to those of the other transcription factors analysed, was also strongly affected under the GF 
condition (Fig. 4).
Altogether, these gene expression profiling results are consistent with a robust effect of the gut microbiome on 
liver clock oscillation, influencing many key hepatic functions through modification of the transcriptional activity 
of several major liver factors acting as fatty acid, endobiotic, xenobiotic, sterol, and glucose sensors.
Intestinal gluconeogenesis does not interfere with liver metabolic oscillations. Gut microbes 
generate short-chain fatty acids (SCFAs) by fermentation of soluble dietary fibres. Among these SCFAs, propi-
onate is a substrate of intestinal gluconeogenesis (IGN) whose regulation is necessary for the metabolic benefits 
associated with fibre and SCFAs22. Because of the important metabolic impact of IGN, the changes we observed 
in hepatic metabolism of GF mice compared to SPF mice could result from the known impairment of IGN in 
GF mice. To address this question, we used mice with an intestinal-specific knockout of the catalytic subunit of 
glucose-6-phosphatase (I-G6pcKO), the essential enzyme of gluconeogenesis23. We tested whether the absence 
of IGN would modulate the expression of some hepatic genes, which exhibit modified expression in GF mice. 
To do so, we analysed the clock genes Rev-Erbα, Bmal1, and Per2 (Fig. 5a), Cyp4a14, Fgf21 (Fig. 5b), Fasn, Lpk 
(Fig. 5c), Cyp2b10, and Cyp3a11 (Fig. 5d), whose daily expression is dramatically modified in GF mice (Fig. 3). 
The expression of most of these genes at ZT6 in I-G6pcKO SPF mice was similar to that of wild-type mice, with 
the expression of Cyp genes increased in IGN-deficient mice (Fig. 5). At ZT18, wild-type and mutant mice did not 
differ for any genes tested. These results suggest that the changes in hepatic metabolic oscillations induced by the 
lack of a gut microbiome are not caused by the reduction in IGN observed under GF conditions12.
Figure 3. Daily expression of fatty acid, xenobiotic, sterol, and glucose sensors and their target genes under 
SPF and GF conditions. Hepatic mRNA levels of transcription factors and their respective target genes: (a) Pxr 
and Cyp3a11, (b) Car and Cyp2b10, (c) Lxrα and Fasn, (d) Pparα, Fgf21, and Cyp4a14, and (e) Chrebp α and 
β and Lpk measured at ZT0, ZT6, ZT12, and ZT18 by real-time quantitative PCR. Data are the mean ± SEM 
of relative expression values measured in GF and SPF mice (n = 5 animals/group/ZT time point). Statistical 
analyses were performed with Student’s t-test at each time point between SPF and GF mice. In case of unequal 
variances between the two samples, the Wehch’s two sample t-test was used. P values were corrected for multiple 
testing using BH procedure and FDR < 5% threshold is considered for significant difference. ***FDR < 0.005, 
**FDR < 0.01, *FDR < 0.05.
www.nature.com/scientificreports/
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Daily changes in hepatic metabolites and plasma markers in GF mice. The results presented so 
far suggest a strong influence of the gut microbiome on liver metabolism. To test the outcome of the observed 
modifications in gene expression on liver physiology, we next performed an unbiased hepatic metabolic profiling 
Figure 4. Gut microbiome strongly impacts hepatic gene expression correlation networks of LXRβ and 
PPARα. Networks of the 50 genes showing the highest absolute correlation with each gene of interest, Pxr, Car, 
Lxrβ and α, Chrebp, and Pparα, β, and γ (red node) under SPF condition (n = 20 mice) are presented as circle 
plots. The edges corresponding to significant correlations are represented (Bonferroni-adjusted P value < 5%). 
Another network circle plot based on these 51 genes is then presented in GF mice. Magenta nodes correspond 
to genes significantly correlated with the gene of interest. The thickness of the edges reflects the absolute 
correlation, and red/blue were used for positive/negative correlations, respectively. The size of each node 
indicates the connectivity in the circle plots.
www.nature.com/scientificreports/
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by nuclear magnetic resonance (NMR) to assess whether the absence of a gut microbiome in GF mice influences 
the course of daily hepatic metabolite abundance. Modifications of the metabolite profiles at the four time points 
(ZT0/ZT6/ZT12/ZT18) would demonstrate that gene expression changes are translated into modifications in 
metabolic pathways activity.
First, we used projection to latent structures for discriminant analysis (PLS-DA) to test whether there was a 
separation between groups of observations made in both GF and SPF mice at the four ZT time points (Fig. 6a). 
The SPF observations are clearly discriminated (five latent variable – PLS-DA model: R2 = 94.6% and Q2 = 0.654) 
according to the time points. A total of 114 buckets were selected as having a VIP value higher than 1.5 and as 
significantly different among the four groups (P < 0.05, Kruskal–Wallis test). A valid and robust PLS-DA model 
Figure 5. Intestinal gluconeogenesis does not impact liver clock, PPARα, LXR, ChREBP, CAR, and 
PXR activities. Hepatic mRNA levels of (a) Rev-erbα, Bmal1, Per2, (b) Cyp4a14 and Fgf21, (c) Fasn and Lpk, 
and (d) Cyp2b10 and Cyp3a11 were measured at ZT6 and ZT18 by real-time quantitative PCR. Data are the 
mean ± SEM of values measured in wild-type mice (WT) and in mice with intestine-specific deletion of G6Pase 
(I-G6PcKO) (n = 6 animals/genotype/ZT time point). Statistical analyses were performed with Student’s 
t-test. In case of unequal variances between the two samples, the Wehch’s two sample t-test was used. P values 
were corrected for multiple testing using BH procedure and FDR < 5% threshold is considered for significant 
difference. * represents difference between ZT time points within a genotype; ***FDR < 0.005, **FDR < 0.01, 
*FDR < 0.05. #represents difference between genotype for a ZT time point; #FDR < 0.05.
www.nature.com/scientificreports/
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comprising four latent variables was also constructed on OSC-filtered and Pareto-scaled data from the GF mice. 
The four groups were also discriminated (R2 = 87.5% and Q2 = 0.616). A total of 120 buckets were selected as 
having a VIP value higher than 1.5 and as significantly different among the four groups (P < 0.05, Kruskal–
Wallis test). These results indicated dynamic metabolite distributions according to sanitary status and sampling 
time points. Twenty-three representative metabolites with daily changes either in SPF or in GF mice are listed 
in Supplementary Table S4. Twenty of them showed a significantly different pattern between SPF and GF mice. 
Several metabolites, such as AMP, ADP, ATP, and NAD+, with different abundances in GF and SPF mice, are 
known modifiers of core clock gene activity in hepatocytes24,25. Furthermore, the metabolite changes also under-
score an impact on protein metabolism (amino acids), glucose metabolism (lactate), nutrient metabolism (ino-
sine), antioxidant defence (glutathione), and regulation of cellular processes (betaine).
Then, the average relative abundances of metabolites were used for hierarchical clustering as a heatmap 
(Fig. 6b). This heatmap revealed that (i) there is a distinct metabolic profile for each of the four ZT time points 
Figure 6. Gut microbiome influences hepatic metabolites and plasma biomarkers. (a) Two-dimensional 
PLS-DA scores plot of liver extract integrated 1H-NMR spectra. Each dot represents an observation (animal), 
projected onto first (horizontal axis) and second (vertical axis) PLS-DA variables. Time points are shown 
in different colors: ZT0 in black, ZT6 in blue, ZT12 in red and ZT18 in green. The black ellipse determines 
the 95% confidence interval, which is drawn using Hotelling’s T2 statistic. Left: SPF mice: A = 5, R2 = 94.6%, 
Q2 = 0.654; Right GF mice: A = 4, R2 = 87.5%, Q2 = 0.616. (b) Periodic changes in metabolites detected by 
NMR profiling of liver metabolites from GF and SPF mice are presented as a heatmap. Red and green indicate 
values above and below the mean, respectively. Black indicates values close to the mean. Individual values for 
each group are represented in the heatmap, and the hierarchical clustering was obtained from individual values 
using 1-Pearson correlation coefficient as distance and the Ward’s criterion for agglomeration. (c) Plasma 
biochemistry in GF (black line) and SPF (black dotted line) mice. Data are the mean ± SEM (n = 5 animals/
group/time point) Statistical analyses were performed with Student’s t-test at each time point between SPF 
and GF mice. In case of unequal variances between the two samples, the Wehch’s two sample t-test was used. 
P values were corrected for multiple testing using BH procedure and FDR < 5% threshold is considered for 
significant difference. ***FDR < 0.005, **FDR < 0.01, *FDR < 0.05.
www.nature.com/scientificreports/
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analysed (see also Fig. 6a); (ii) SPF and GF mice show markedly distinct daily metabolite patterns; and (iii) the 
metabolites cluster into two groups of similar size, with metabolites that are more abundant and metabolites that 
are less abundant in GF mice. These observations provided evidence for a major effect of the microbiome on the 
daily rhythmic oscillation in the hepatic metabolome, reflecting changes in metabolic activities. Similar to what 
was observed for gene expression, the absence of the microbiome did not abrogate oscillations but modified them 
profoundly.
Having observed that the absence of the microbiome heavily perturbed the expression correlation networks 
of PPARα and LXRβ , key factors in energy metabolism, we next addressed whether the daily oscillation of the 
abundance of plasma biochemical markers also was associated with alterations in metabolites in the liver. To test 
this hypothesis, we measured the daily concentrations of 6 markers in the plasma of GF and SPF mice (Fig. 6c). 
Among the markers tested, HDL cholesterol, bilirubine and lactate displayed significant changes at ZT0 in their 
concentrations in GF mice compared to SPF mice (see Supplementary Table S5 online). Furthermore, bilirubine, 
lactate, free fatty acid and FGF21 presented a daily pattern altered in GF compared to SPF mice (JTK_Cycle) (see 
Supplementary Table S6 online).
Collectively, these results demonstrated a severely modified hepatic metabolism in GF mice, with a systemic 
impact on circulating biomarkers.
Discussion
The beneficial adaptation of organisms to the natural light–dark cycle is reflected in biological rhythms, which 
includes oscillations of diverse metabolic functions in peripheral organs adjusted to the feeding time3. Work by 
Schibler and colleagues15 showed that circadian gene expression in peripheral organs is connected to food intake, 
and food processing is a major purpose of circadian gene expression in mouse liver. In all animals, food intake is 
intimately associated with the gut microbiome, which increases energy extraction from nutrients.
The results presented here further underscore the existence of a gut microbiome–liver axis and provide novel 
evidence that the gut microbes not only participate in energy harvest but also control the rhythm and amplitude 
of liver daily oscillations. We found that the expression of the core clock genes was affected in the absence of the 
microbiome. Oscillation of these genes was not erased but was altered with modifications of either the nadir 
(Bmal1) or the zenith (Per1, Cry1, Rev-erbβ). In a recent similar study, reduced expression of Bmal1 and Per2 
was observed in GF livers, which we did not see herein, but the same modifications in general canonical liver 
transcriptomic signatures were found in both the present report and the mentioned study14. Because the gut 
microbiome actively participates in gaining energy from food and in producing diet-derived products, the ques-
tion of its impact on peripheral clock functions in metabolic organs is important26. It is already known that the 
gut microbiome controls the intestinal clock, as studied in the large intestine, where a large and diverse microbial 
population thrives12. Moreover, in mammals, the microbiome undergoes daily oscillations, which are altered in 
mice with a mutated clock system as well as during jet-lag (phase-reversal) experiments13. Interestingly, rhyth-
micity of the intestinal microbiota is more pronounced in females than in males27. In the present work performed 
with germ free animals, we show that male GF mice, chosen because their liver is not influenced by the estrous 
cycle, not only display a major defect in the expression profile of core clock genes but also in the expression of 
clock output effectors, such as the transcription factors Dbp, Dec2/Bhlhb42, and Tef. Consequently, the effects 
on liver metabolism are very broad, as indicated by our liver transcriptome analysis. Genes belonging to the 
response to superoxide, glutathione metabolic, and oxido-reduction processes are downregulated, showing a 
possible vulnerability of the GF mice to oxidative stress. Such alterations have been linked to a change in the cyclic 
activity of mitochondrial SIRT3, which is regulated by cycling levels of NAD+28. In contrast, increased expression 
of genes belonging to the activation of the immune response, proteolysis, the protein activation cascade, and the 
carboxylic acid catabolic process may reflect a response of the hepatic immune system to the lack of a microbiome 
and a stimulation of protein metabolism. Thus, the lack of a gut microbiome modifies the robust hepatic daily 
oscillations of the expression of genes involved in stress response and detoxification and also of several metabolic 
proteins.
However, at this stage, we cannot formally exclude that other mechanisms may participate in the phenotype 
observed, such as hormonal and/or humoral mechanisms, effects of other rhythmic processes in the body, or any 
other physiological factors that could be affected by the absence of microbiota, which in turn could impact daily 
rhythms in the liver and/or in the plasma.
Increased expression of genes of autophagic vacuole assembly, response to starvation, and negative regulation 
of cholesterol absorption at ZT6 may indicate an energy deficiency in GF mice during the resting light phase. As 
noted above, gut microbes largely contribute to maximizing energy gain from food; therefore, the GF mice may 
experience an energy crisis during the light and resting phases. Consistent with this possibility is the observation 
that the daily expression of PPARα target genes and the PPARα correlation network are impaired in GF mice 
when compared to SPF animals. Indeed, PPARα plays a critical role in autophagy29 as well as in glucose and 
lipid catabolism during fasting30; it is also a major player in whole body cholesterol homeostasis31. Although 
fasting-induced PPARα -dependent hepatic ketosis is impaired in GF mice32, our data provide evidence that the 
lack of a microbiome is sufficient to alter the constitutive daily activity of hepatic PPARα . However, there was no 
impact on light phase locomotor activity, which suggests no modification in the global light/dark eating pattern.
Of greatest interest, the daily oscillations of the nuclear receptors in the liver of GF mice did not appear to 
be profoundly modified. In liver, 20 nuclear receptors are expressed periodically17, and their regulation is often 
multifactorial, as for PPARα 33,34. Most surprising, however, is the observation that the downstream target genes 
for PPARα , PXR, CAR, and LXRα were severely affected. IGN is critical for the beneficial metabolic effects of 
microbiome-derived molecules22, so we asked whether IGN participates in the control of the liver clock and 
the activity of these nuclear receptors whose daily activity is impaired in GF mice. Reduced IGN under SPF 
conditions did not significantly modify the expression of a set of genes involved in the liver clock or change the 
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expression of a representative group of genes regulated by fatty acid (PPARs), oxysterol (LXRs), and xenobiotic 
(CAR, PXR) sensors, findings similar to those for GF mice. Thus, other molecular mechanisms such as recep-
tor posttranslational modifications, co-regulator availability, or epigenetic changes and, most important, altered 
ligand production may have roles in governing liver clock functions. In fact, we previously showed that in liver, 
the PAR bZip transcription factors DBP, hepatic leukaemia factor (HLF), and TEF contribute to the daily tran-
scription of acyl-CoA thioesterases, resulting in a cyclic release of fatty acids from thioesters. In turn, these fatty 
acids activate PPARα , which stimulates the expression of genes whose products are involved in the uptake and 
metabolism of lipids, cholesterol, and glucose35. Similarly, because PPARβ /δ and LXRβ cooperate in the regu-
lation of bile acid homeostasis36, the disruption of their networks may be reflected in modifications in bile acid 
metabolism in GF mice, affecting their activity37.
Given that a majority of cellular functions are regulated at several levels, we studied the oscillations of hepatic 
metabolites as a clear output of the observed gene expression or other regulatory modifications. Metabolite abun-
dance changes are expected to reflect modifications in the intricate metabolic activities from gene expression to 
protein activity. We found that metabolites oscillated in both GF and SPF mice but that their rhythmic abun-
dances largely differed between these mice. Recent work with a comprehensive dataset of over 500 metabolites 
highlighted the coordinate clock-controlled oscillation of many metabolites comprising the amino acid, carbo-
hydrate, lipid, nucleotide, and xenobiotic metabolic pathways38. We found that this coordination was severely 
altered in the GF mice, which was anticipated from the disrupted regulation of liver clock gene function.
The importance of the regulatory role of the gut microbiome was also revealed by the alteration, in its absence, 
of the abundance and oscillation of several plasma markers associated with liver functions, particularly energy 
homeostasis. Compared to the levels observed in mice exposed to bacteria, some of these markers showed an 
advanced phase shift towards the light phase (free fatty acids). Furthermore, the levels of HDL cholesterol were 
increased and those of bilirubin decreased. In mouse plasma, HDL represents 75–80% of the lipoprotein fraction, 
and its robust increase in GF mice suggests a perturbation in cholesterol metabolism. In addition, higher cho-
lesterol levels correlated with low bilirubin levels. In humans, low bilirubin is linked to diseases associated with 
oxidative stress39 and to an increased risk for cardiovascular disease and stroke40. Low serum total bilirubin levels 
are also found in familial hypercholesterolemia patients with cardiovascular disease41. Furthermore, it has been 
proposed that bilirubin, haemoglobin, and blood-borne melatonin could act in concert to shift the phase of the 
clock42. Finally, the daily expression of FGF21 was completely abolished in the GF mice, which is explained at 
least in part by the arrested daily PPARα activity.
In conclusion, our work demonstrates that the gut microbiome appears to be very important in establishing 
physiological oscillations in the liver and further supports a recent report showing that bacterial metabolites can 
influence daily clock gene expression within hepatocytes14. Our data show that the gut microbiome regulates 
core clock genes, their effectors, and the activity of key nuclear receptors, resulting in broad changes in rhythmic 
gene expression and hepatic metabolites. Therefore, specifically assembled food taken in a timely manner could 
affect liver function; indeed, food intake in mice and humans follows a daily cycle, and alterations in microbiome 
composition and diversity are frequently observed following diet changes43,44. The liver responds to changes in the 
gut microbiome most likely via cues carried through the portal vein, which can serve as an entry for bacteria and 
bacteria-generated metabolites. In fact, the gut microbiome has already been reported to be associated with liver 
function in health and disease2,14,45,46. To fully understand the pathophysiology of several liver diseases, including 
non-alcoholic fatty liver disease, non-alcoholic steatohepatitis, and hepatocarcinogenesis47,48, it is important to 
consider the implications of the daily oscillations of liver functions. Altogether, this work emphasizes that the 
gut microbiome, which is required for optimal energy harvest from nutrients, is also involved in collecting or 
producing signals that affect the daily activity of the liver.
Methods
Animals. Mice were housed at the Core Facility for Germfree Research (CFGR), Karolinska Institute 
Stockholm, or at the Germfree Facility of Lee Kong Chian School of Medicine, Nanyang Technological University, 
Singapore under either strict axenic (germ-free, GF) or conventional specific pathogen–free conditions (SPF). 
All mice were maintained on autoclaved R36 Lactamin (Stockholm, Sweden) or autoclavable Labdiet 5010 
(Singapore) chow on a 12-hour light (ZT0-ZT12) 12-hour dark (ZT12-ZT24) cycle. ZT stands for Zeitgeber 
time; ZT0 is defined as the time when the lights are turned on and ZT12 as the time when lights are turned off. 
GF mice were bred and maintained in germ-free plastic isolators. SPF mice used in experiments were born from 
SPF mothers placed before delivery in the same plastic isolators as those used for maintenance of germ-free 
mice. All food, bedding material, and water were similar for germ-free and SPF mice. Protocols involving the 
use of GF and SPF animals were approved by the Regional Animal Research Ethical Board, Stockholm, Sweden 
(Stockholms norra djurförsöksetiska nämnd), and followed proceedings described in the EU legislation (Council 
Directive 86/609/EEC). Animal husbandry was in accordance with Karolinska Institute guidelines and approved 
by the above-mentioned ethical board. For the animals handled in Singapore, the protocols were approved by the 
Institutional Animal Care and Use Committee (2012/SHS/743).
Ten to twelve week-old C57Bl/6 male mice were killed by cervical dislocation at four time points in a pair-wise 
manner: ZT0, ZT6, ZT12 and ZT18. Blood was collected prior to sacrifice at the submandibular vein with a lancet 
in EDTA-coated tubes. Plasma were prepared by centrifugation (1500 g, 10 min, 4 °C) and kept at − 80 °C. Liver 
was removed, snap-frozen in liquid nitrogen and stored at − 80 °C until use.
Twenty-four hour open field test. To measure general activity, mice were individually placed into a Plexiglas 
cage (40.5 cm × 40.5 cm × 16 cm) for 24-hour open-field testing. Behavioural measures such as horizontal activity 
and mobility time were monitored using the Versamax program (AccuScan Instruments Inc., Columbus, OH, 
USA). Statistics were performed with Student’s t-test. In case of unequal variances between the two samples, the 
Wehch’s two sample t-test was used. FDR < 5% threshold is considered for significant difference.
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Intestine-specific G6pc-null mice (I-G6PcKO) were previously described49 and were housed in the SPF animal 
facility of Lyon 1 University under controlled temperature conditions with a 12-hour light 12-hour dark cycle. The 
mice had free access to water and to a standard chow diet (Safe 04). 15 week-old I-G6Pc and C57Bl/6J (WT) male 
mice were sacrificed by cervical dislocation at ZT6 and ZT16 (n = 6 animals/genotype/time point). Livers were 
collected and snap frozen in liquid nitrogen and kept at − 80 °C for further used. All procedures concerning these 
mice were performed in accordance with the EU legislation (Council Directive 86/609/EEC). The regional animal 
care committee (CREEA CNRS, Rhône Alpes, Auvergne, France) approved all the experiments.
Gene expression studies. Total RNA was extracted with TRIzol reagent (Invitrogen). RNA amounts were 
determined using the NanoDrop® ND-1000, and the RNA quality was assessed using RNA 6000 NanoChips with 
the Agilent 2100 Bioanalyzer (Agilent, Palo Alto, CA, USA). For each sample, 100 ng of total RNA was ampli-
fied using the WT Sense Strand Target Labelling kit (Affymetrix, Cat. no. 900223); 5.5 μ g of the resulting sense 
cDNA was fragmented by UDG (uracil DNA glycosylase) and APE 1 (apurinic/apyrimidic endonuclease 1) and 
biotin-labelled with TdT (terminal deoxynucleotidyl transferase) using the GeneChip® WT Terminal Labelling 
kit (Affymetrix Cat. no. 900671, Santa Clara, CA, USA). Affymetrix Mouse Gene 2.0 ST arrays (Affymetrix, 
Santa Clara, CA, USA) were hybridized with 2.7 μ g of biotinylated target at 45 °C for 17 hours and washed and 
stained according to the protocol described in the Affymetrix GeneChip® Expression Analysis Manual (Fluidics 
protocol FS450_0007). The arrays were scanned with a GeneChip® Scanner 3000 7G (Affymetrix). Normalized 
expression signals were calculated from Affymetrix CEL files by the Robust Multi-array Average algorithm, using 
the Affymetrix Expression Console Software (version 1.3.0.187). Hybridization quality also was assessed with 
Expression Console Software. All data were analysed using R (www.r-project.org). Microarray data analysis was 
conducted using Bioconductor packages (www.bioconductor.org, v 2.12,50 as described in GEO entry GSE71628). 
A model was fitted using the limma lmFit function51. A correction for multiple testing was then applied using 
Benjamini-Hochberg (BH) procedure for the false discovery rate (FDR)52. ProbeSets with (BH) adjusted P val-
ues ≤ 0.01 were considered to be differentially expressed between conditions. Hierarchical clustering was applied 
to the samples and the differentially expressed probeSets using 1-Pearson correlation coefficient as distance and 
Ward’s criterion for agglomeration. The enrichment of Gene Ontology (GO) Biological Processes was evaluated 
using a conditional hypergeometric test (GOstats package)53.
Networks of the 50 genes having the highest absolute correlation (Pearson-correlation) with a transcription 
factor of interest (red node) in SPF mice were displayed using the R function circlePlot54. Only the edges corre-
sponding to significant correlations were represented (Bonferroni-adjusted P value < 5%). Positive and negative 
correlations were represented by red and blue edges, respectively.
Correlation matrices between genes of interest in SPF and GF conditions were also represented as color-coded 
tables using the labeledHeatmap function of the WGCNA R package55. In this representation, each cell contains 
the correlation between two genes and the corresponding p-value. The tables are color-coded by correlations 
according to the color legend (red for positive correlations and green for negative correlations). We colored in 
grey the cells corresponding to non-significant correlations (p-value threshold of 5%).
For real-time quantitative polymerase chain reaction (qPCR), total RNA samples (2 μ g) were 
reverse-transcribed using the High Capacity cDNA Reverse Transcription Kit (Applied Biosystems). Primers 
for SYBR Green assays are listed in Supplementary Table S7. Amplifications were performed on an ABI Prism 
7300 Real Time PCR System (Applied Biosystems). qPCR data were normalized by TATA-box binding protein 
mRNA levels and analysed with LinRegPCRv2012.256. Statistical analyses for qPCR data were performed with 
Student’s t-test at each time point between SPF and GF mice. In case of unequal variances between the two 
groups, the Wehch’s two sample t-test was used. P values were corrected for multiple testing using BH procedure 
and FDR < 5% threshold is considered as significant differences.
Metabolomic analyses by 1H nuclear magnetic resonance (NMR) spectroscopy. See 
Supplementary Methods online.
Multivariate analysis of metabolomic data. The pre-processed NMR data were imported into Simca-P+ 
software (version 13.0.2, Umetrics AB, Umea, Sweden) for multivariate statistical analysis. First, principal compo-
nent analysis was used to detect intrinsic clusters and outliers. Then, partial least squares–discriminant analysis 
(PLS–DA) was used to study the relationship between time and NMR spectral data. Seven-fold cross validation 
was used to determine the number of latent variables to include in PLS-DA models. R2 (proportion of explained 
variation) and Q2 (predictive ability) values were used to assess PLS-DA model validity. Typically, a valid model 
has R2 > 50% and Q2 > 0.4. A permutation test (200 iterations) was used to assess PLS-DA model robustness. 
Discriminant NMR buckets were selected using the very important variable (VIP) value, a global measure of 
the influence of each variable on the PLS-DA model. The non-parametric Kruskal–Wallis test was finally used 
to determine significant variables among the VIP-selected variables. This test was conducted using R software.
NMR data were preprocessed using orthogonal signal correction (OSC) with time as a correction factor. The 
OSC filtering was applied to remove variation in the NMR matrix data not correlated with the time (confounding 
factors such as physiological, experimental, or instrumental variation). Filtered data were then Pareto scaled. 
PLS-DA was applied to the filtered and scaled data. Hierarchical clustering and a heatmap were used to classify 
averaged NMR data according to phenotypes (SPF vs GF) over Zeitgeber time (ZT0/ZT6/ZT12/ZT18). In this 
method, identical NMR profiles are clustered together. The heatmap was drawn using the R “gplots” package 
(http://www.r-project.org/).
Plasma biochemistry. See Supplementary Methods online.
www.nature.com/scientificreports/
13Scientific RepoRts | 6:20127 | DOI: 10.1038/srep20127
Rhythmicity analysis for liver gene expression, liver metabolomic and plasma biochemistry 
data. For each data set, statistical tests for rhythmicity were performed using JTK_Cycle algorithm16 (http://
dx.doi.org/10.1177/0748730410379711), reporting BH adjusted P values for the identification of waveform 
parameters for each variable (ProbeSet for microarray, gene for qPCR, bucket for metabolomic, biochemical 
compound), and BH adjusted P values for multiple testing between all variables. Variables with FDR < 5% were 
considered significantly rhythmic.
Variables were then classified into 6 different classes according their rhythmicity significance and parameters 
(period and phase lag) regarding SPF and GF mice. Class 1: significant rhythmic variables and identical param-
eters results for both SPF and GF mice; Class 2: significant rhythmic variables in both SPF and GF mice but with 
a phase lag in GF mice compared to SPF; Class 3: significant rhythmic variables in both SPF and GF mice but 
with a different period in GF mice compared to SPF; Class 4: significant rhythmic variables in SPF but not in GF 
mice; Class 5: significant rhythmic variables in GF but not in SPF mice; Class 6: no significant rhythmic variables 
neither in SPF nor in GF mice.
References
1. Rosenberg, E., Sharon, G. & Zilber-Rosenberg, I. The hologenome theory of evolution contains Lamarckian aspects within a 
Darwinian framework. Environ Microbiol 11, 2959–2962 (2009).
2. Nicholson, J. K. et al. Host-gut microbiota metabolic interactions. Science 336, 1262–1267 (2012).
3. Asher, G. & Sassone-Corsi, P. Time for food: the intimate interplay between nutrition, metabolism, and the circadian clock. Cell 161, 
84–92 (2015).
4. Sheaffer, K. L. & Kaestner, K. H. Transcriptional networks in liver and intestinal development. Cold Spring Harb Perspect Biol 4(9), 
a008284. doi: 10.1101 (2012).
5. Goel, A., Gupta, M. & Aggarwal, R. Gut microbiota and liver disease. J Gastroenterol Hepatol 29, 1139–1148 (2014).
6. Zhong, W. & Zhou, Z. Alterations of the gut microbiome and metabolome in alcoholic liver disease. World J Gastrointest Pathophysiol 
5, 514–522 (2014).
7. Asher, G. & Schibler, U. Crosstalk between components of circadian and metabolic cycles in mammals. Cell Metab 13, 125–137 
(2011).
8. Green, C. B., Takahashi, J. S. & Bass, J. The meter of metabolism. Cell 134, 728–742 (2008).
9. Gachon, F., Olela, F. F., Schaad, O., Descombes, P. & Schibler, U. The circadian PAR-domain basic leucine zipper transcription factors 
DBP, TEF, and HLF modulate basal and inducible xenobiotic detoxification. Cell Metab 4, 25–36 (2006).
10. Fu, L., Patel, M. S., Bradley, A., Wagner, E. F. & Karsenty, G. The molecular clock mediates leptin-regulated bone formation. Cell 122, 
803–815 (2005).
11. Gachon, F. et al. The loss of circadian PAR bZip transcription factors results in epilepsy. Genes Dev 18, 1397–1412 (2004).
12. Mukherji, A., Kobiita, A., Ye, T. & Chambon, P. Homeostasis in intestinal epithelium is orchestrated by the circadian clock and 
microbiota cues transduced by TLRs. Cell 153, 812–827 (2013).
13. Thaiss, C. A. et al. Transkingdom control of microbiota diurnal oscillations promotes metabolic homeostasis. Cell 159, 514–529 
(2014).
14. Leone, V. et al. Effects of diurnal variation of gut microbes and high-fat feeding on host circadian clock function and metabolism. 
Cell Host Microbe 17, 681–689 (2015).
15. Damiola, F. et al. Restricted feeding uncouples circadian oscillators in peripheral tissues from the central pacemaker in the 
suprachiasmatic nucleus. Genes Dev 14, 2950–2961 (2000).
16. Hughes, M. E., Hogenesch, J. B. & Kornacker, K. JTK_CYCLE: an efficient nonparametric algorithm for detecting rhythmic 
components in genome-scale data sets. J Biol Rhythms 25, 372–380 (2010).
17. Yang, X. et al. Nuclear receptor expression links the circadian clock to metabolism. Cell 126, 801–810 (2006).
18. Angelin, B., Larsson, T. E. & Rudling, M. Circulating fibroblast growth factors as metabolic regulators–a critical appraisal. Cell Metab 
16, 693–705 (2012).
19. Morrison, C. D. & Laeger, T. Protein-dependent regulation of feeding and metabolism. Trends Endocrinol Metab 26, 256–262 (2015).
20. Filhoulaud, G., Guilmeau, S., Dentin, R., Girard, J. & Postic, C. Novel insights into ChREBP regulation and function. Trends 
Endocrinol Metab 24, 257–268 (2013).
21. Oosterveer, M. H. & Schoonjans, K. Hepatic glucose sensing and integrative pathways in the liver. Cell Mol Life Sci 71, 1453–1467 
(2014).
22. De Vadder, F. et al. Microbiota-generated metabolites promote metabolic benefits via gut-brain neural circuits. Cell 156, 84–96 
(2014).
23. Mithieux, G. & Gautier-Stein, A. Intestinal glucose metabolism revisited. Diabetes Res Clin Pract 105, 295–301 (2014).
24. Imai, S. “Clocks” in the NAD World: NAD as a metabolic oscillator for the regulation of metabolism and aging. Biochim Biophys Acta 
1804, 1584–1590 (2010).
25. Peek, C. B. et al. Circadian regulation of cellular physiology. Methods Enzymol 552, 165–184 (2015).
26. Sharon, G. et al. Specialized metabolites from the microbiome in health and disease. Cell Metab 20, 719–730 (2014).
27. Liang, X., Bushman, F. D. & FitzGerald, G. A. Rhythmicity of the intestinal microbiota is regulated by gender and the host circadian 
clock. Proc Natl Acad Sci USA 112, 10479–10484 (2015).
28. Peek, C. B. et al. Circadian clock NAD+ cycle drives mitochondrial oxidative metabolism in mice. Science 342, 1243417 (2013).
29. Lee, J. M. et al. Nutrient-sensing nuclear receptors coordinate autophagy. Nature 516, 112–115 (2014).
30. Kersten, S. et al. Peroxisome proliferator-activated receptor alpha mediates the adaptive response to fasting. J Clin Invest 103, 
1489–1498 (1999).
31. Paumelle, R. & Staels, B. Cross-talk between statins and PPARalpha in cardiovascular diseases: clinical evidence and basic 
mechanisms. Trends Cardiovasc Med 18, 73–78 (2008).
32. Crawford, P. A. et al. Regulation of myocardial ketone body metabolism by the gut microbiota during nutrient deprivation. Proc Natl 
Acad Sci USA 106, 11276–11281 (2009).
33. Canaple, L. et al. Reciprocal regulation of brain and muscle Arnt-like protein 1 and peroxisome proliferator-activated receptor alpha 
defines a novel positive feedback loop in the rodent liver circadian clock. Mol Endocrinol 20, 1715–1727 (2006).
34. Lemberger, T. et al. Expression of the peroxisome proliferator-activated receptor alpha gene is stimulated by stress and follows a 
diurnal rhythm. J Biol Chem 271, 1764–1769 (1996).
35. Gachon, F. et al. Proline- and acidic amino acid-rich basic leucine zipper proteins modulate peroxisome proliferator-activated 
receptor alpha (PPARalpha) activity. Proc Natl Acad Sci USA 108, 4794–4799 (2011).
36. Xia, X. et al. Liver X receptor beta and peroxisome proliferator-activated receptor delta regulate cholesterol transport in murine 
cholangiocytes. Hepatology 56, 2288–2296 (2012).
37. Swann, J. R. et al. Systemic gut microbial modulation of bile acid metabolism in host tissue compartments. Proc Natl Acad Sci USA 
108 Suppl 1, 4523–4530 (2011).
www.nature.com/scientificreports/
1 4Scientific RepoRts | 6:20127 | DOI: 10.1038/srep20127
38. Eckel-Mahan, K. L. et al. Coordination of the transcriptome and metabolome by the circadian clock. Proc Natl Acad Sci USA 109, 
5541–5546 (2012).
39. Schwertner, H. A. & Vitek, L. Gilbert syndrome, UGT1A1*28 allele, and cardiovascular disease risk: possible protective effects and 
therapeutic applications of bilirubin. Atherosclerosis 198, 1–11 (2008).
40. Kimm, H., Yun, J. E., Jo, J. & Jee, S. H. Low serum bilirubin level as an independent predictor of stroke incidence: a prospective study 
in Korean men and women. Stroke 40, 3422–3427 (2009).
41. de Sauvage Nolting, P. R., Kusters, D. M., Hutten, B. A. & Kastelein, J. J. Serum bilirubin levels in familial hypercholesterolemia: a 
new risk marker for cardiovascular disease? J Lipid Res 52, 1755–1759 (2011).
42. Oren, D. A. & Terman, M. Tweaking the human circadian clock with light. Science 279, 333–334 (1998).
43. Delzenne, N. M., Neyrinck, A. M. & Cani, P. D. Modulation of the gut microbiota by nutrients with prebiotic properties: 
consequences for host health in the context of obesity and metabolic syndrome. Microb Cell Fact 10 Suppl 1, S10 (2011).
44. David, L. A. et al. Diet rapidly and reproducibly alters the human gut microbiome. Nature 505, 559–563 (2014).
45. Bjorkholm, B. et al. Intestinal microbiota regulate xenobiotic metabolism in the liver. PLoS One 4, e6958 (2009).
46. Chassaing, B., Etienne-Mesmin, L. & Gewirtz, A. T. Microbiota-liver axis in hepatic disease. Hepatology 59, 328–339, doi: 10.1002/
hep.26494 (2014).
47. Le Roy, T. et al. Intestinal microbiota determines development of non-alcoholic fatty liver disease in mice. Gut 62, 1787–1794 (2013).
48. Minemura, M. & Shimizu, Y. Gut microbiota and liver diseases. World J Gastroenterol 21, 1691–1702 (2015).
49. Penhoat, A. et al. Protein-induced satiety is abolished in the absence of intestinal gluconeogenesis. Physiol Behav 105, 89–93 (2011).
50. Gentleman, R. C. et al. Bioconductor: open software development for computational biology and bioinformatics. Genome Biol 5, 
R80 (2004).
51. Smyth, G. K. Linear models and empirical bayes methods for assessing differential expression in microarray experiments. Stat Appl 
Genet Mol Biol 3, Article3 (2004).
52. Benjamini, Y., Drai, D., Elmer, G., Kafkafi, N. & Golani, I. Controlling the false discovery rate in behavior genetics research. Behav 
Brain Res 125, 279–284 (2001).
53. Falcon, S. & Gentleman, R. Using GOstats to test gene lists for GO term association. Bioinformatics 23, 257–258 (2007).
54. Langfelder, P., Luo, R., Oldham, M. C. & Horvath, S. Is my network module preserved and reproducible? PLoS Comput Biol 7, 
e1001057 (2011).
55. Langfelder, P. & Horvath, S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinformatics 9, 559 (2008).
56. Ruijter, J. M. et al. Amplification efficiency: linking baseline and bias in the analysis of quantitative PCR data. Nucleic Acids Res 37, 
e45 (2009).
Acknowledgements
The authors wish to thank the different facilities of Genotoul (Metatoul, Get, and Anexplo) in Toulouse and 
the Genomic Technologies Facility of the Center for Integrative Genomics, University of Lausanne, and the 
germ-free facilities at Karolinska Institute (Stockholm) and at Lee Kong Chian School of Medicine, Nanyang 
Technological University (Singapore). We also acknowledge the help of Aurore Desquesnes from Anexplo with 
the plasma analyses. Work performed at ToxAlim was supported by grants from the Région Midi-Pyrénées to 
HG (Mathusalem) and to WW (Chaire d’Excellence Pierre de Fermat). This work was also supported by grants 
from the Swiss National Science Foundation (individual grants to WW), the Bonizzi-Theler-Stiftung (WW), the 
7th EU program TORNADO (WW, SP), and by the Etat de Vaud and the Lee Kong Chian School of Medicine, 
Nanyang Technological University Start-Up Grants. SP is also supported by grants from the Merieux Foundation, 
Swedish Medical Research Council, the SCELCE Microbiome Centre at NTU, Singapore, and CIFAR Institute, 
Canada.
Author Contributions
A.M. Designed experiments, performed experiments, supervised experiments, analysed the data, wrote the paper. 
A.K. Designed and performed experiments. A.P. Performed experiments, analysed the data. Y.L. Performed 
biostatistical analysis of transcriptomic data. Y.B. Performed gene expression correlation network analysis. C.C. 
Performed experiments, analysed the data. M.T.F. Performed statistical analyses of metabolomic data. A.G.S. 
Designed experiments, performed experiments. R.B. Provided critical reagents. Y.-C.Y. Performed the open field 
test experiment. H.S.J. Designed the open field test experiment. M.A.-A. Performed experiments. G.M. Provided 
critical reagents and supervised experiments. V.A. Designed and performed experiments. S.L. Designed and 
supervised biostatistical analysis of transcriptomic data. H.G. Designed experiments, performed experiments, 
supervised experiments, analysed the data, wrote the paper. S.P. Designed experiments, supervised experiments, 
analysed the data, wrote the paper. W.W. Designed experiments, supervised experiments, analysed the data, wrote 
the paper.
Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep
Competing financial interests: The authors declare no competing financial interests.
How to cite this article: Montagner, A. et al. Hepatic circadian clock oscillators and nuclear receptors integrate 
microbiome-derived signals. Sci. Rep. 6, 20127; doi: 10.1038/srep20127 (2016).
This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
1Scientific RepoRts | 6:23951 | DOI: 10.1038/srep23951
www.nature.com/scientificreports
Erratum: Hepatic circadian clock 
oscillators and nuclear receptors 
integrate microbiome-derived 
signals
Alexandra Montagner, Agata Korecka, Arnaud Polizzi, Yannick Lippi, Yuna Blum, 
Cécile Canlet, Marie Tremblay-Franco, Amandine Gautier-Stein, Rémy Burcelin, Yi-Chun Yen, 
Hyunsoo Shawn Je, Maha Al-Asmakh, Gilles Mithieux, Velmurugesan Arulampalam, 
Sandrine Lagarrigue, Hervé Guillou, Sven Pettersson & Walter Wahli
Scientific Reports 6:20127; doi: 10.1038/srep20127; published online 16 February 2016; updated on 20 April 2016
The original version of this Article contained an error in the spelling of the author Maha Al-Asmakh, which 
was incorrectly given as Al-Asmakh Maha. This has now been corrected in the PDF and HTML versions of the 
Article.
This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
OPEN
